Transaction-price residential (house) and commercial property price indexes (RPPIs and CPPIs) have inherent problems of sparse data on heterogeneous properties, more so CPPIs. In an attempt to control for heterogeneity, (repeat-sales and hedonic) panel data regression frameworks are typically used for estimating overall price change. We address the problem of sparse data, demonstrate the need to include spatial price spillovers to remove bias, and propose an innovative approach to effectively weight regional CPPIs along with improvements to higher-level weighting systems. The study uses spatial panel regressions on granular CPPIs for the United States (US). JEL Classification Numbers: C33, C43, E30, E31, R32.
I. INTRODUCTION
In principle, residential (house) and commercial property price indexes (RPPIs and CPPIs) should be at least quarterly measures of change in actual transaction prices of a constant-quality basket of representative properties. In practice, residential and commercial properties are heterogeneous and transactions irregular thus complicating comparisons of average transaction prices for a fixed-quality bundle of properties over time-the type of methodology that would be applied for a consumer price index. Hedonic regressions of price on the quality characteristics of the properties and use of only matched (repeat) transactions are the two primary methods used to control for changes in the quality-mix of properties transacted. Both can be estimated as panel regressions using the parameter estimates of dummy variables on time (see Eurostat et al., 2013) gaps (see Heath, 2013 ). Yet their measurement remains highly problematic.
We outline methodological improvements that apply to transaction-based RPPIs and CPPIs, though the focus hereafter is CPPIs. Regression formulations are commonly used in the aggregation of RPPIs and CPPIs in order to control for the afore-mentioned quality-mix changes of transactions data. The concern of this paper is not with these quality-mix methods per se, but the efficiency and bias of estimates of aggregate price movements arising from the panel regression frameworks often used. We base the empirical work on panel granular transactionbased CPPIs by metropolitan area and type of transaction for the United States (US) from
2000Q4-2012Q4.
Several methodological innovations are proposed: (i) the concern is with sparse data and, akin to normal statistical practice when faced with limited sample sizes, increasing the efficiency of the estimator. Data on "counts"-number of transactions-in each quarter for each area/type of property are used to improve the efficiency of the estimates of US commercial property price inflation; (ii) a spatial autoregressive (SAR) term is included in the regression thus removing potential bias by incorporating spillover effects-a SAR model; (iii) improvements are sought for parameter estimates by allowing the spatial weighting matrix and autoregressive parameter to vary over time; (iv) the nn  matrix (for n cross-sectional areas) that comprise each parameter estimate for each period is deconstructed and explicitly-weighted (direct, total, and indirect) averages of matrix elements provide estimates of commercial property price inflation, as opposed to the unweighted ones provided by standard software; (v) fixed and chainedweighted parameter estimates are provided for comparison; and (vi) the use of weights based on perpetual-inventory stock estimates are considered for higher level aggregation.
Section II briefly outlines select features of appraisal and transaction-based CPPIs with a focus on the United States (US). Section III discusses the methodological issues, with empirical results in section IV, and conclusions in section V.
II. APPRAISAL AND TRANSACTION-BASED INDEXES

A. Appraisal-based indexes
While the problem of sparse transactions on heterogeneous properties applies to both RPPIs and CPPIs, such shortcomings are particularly severe for CPPIs, especially when measurement really matters, as we go into and during recessions. As a result, valuation (appraisal-based) CPPIs are commonly used as a proxy to CPPIs since valuations of properties can be made irrespective of whether a transaction has taken place. An appraisal-based index is the ratio of a simple aggregation of appraised values in each period of a selected group of properties. The National Council of Real Estate Investment Fiduciaries (NCREIF) Property Index (NPI), for example, is a quarterly time series of the total rate of return of individual commercial real estate properties acquired in the private market for investment purposes.
2 The index covers office, retail, industrial, apartment/hotel properties. The total return of a property includes both net operating income (NOI) and the capital return, as if properties were purchased at the beginning of the quarter and sold at the end of the quarter with the investor receiving all net cash flows during the quarter. At the end of each quarter, (NCREIF data contributing-) members submit their appraisal of their properties' fair market values and NOI from which the aggregate NPI is compiled.
Such concepts and measures differ from a transaction price and suffer from limitations, as outlined in Diewert and Shimizu (2013) , Geltner and Fisher (2007) , Silver (2013), and Kanutin (2013) . Appraisal-based indexes have an (albeit informed) subjective basis that does not accord with the (transaction-based) valuation principles of the System of National Accounts (see SNA
2008
, chapter 2, C3). Further, valuations made by an appraisal firm are largely conducted irregularly, say annually, and quarterly data may in part be (stale) estimates by the manager/owner of the property largely based on the last formal appraisal. European experience with appraisal data is that appraisals generally take place annually and quarterly indexes compiled there from use interpolated values. European experience is that valuation methods differ across countries and, to a lesser extent, by different valuers within countries (Kanutin, 2013) . There is evidence of a dampening or smoothing of market price volatility and a tendency of appraisal indexes to lag market price indexes, see Devaney and Diaz (2011), Fisher and , and Geltner et al., (2003) . Notably, users have an established preference for transaction-based indexes. The European Central Bank (ECB), as part of a stocktaking exercise on CPPIs, asked end-users their views as to their needs: the relatively uniform response was for commercial property price index based on transaction prices; valuation indexes were, as noted by Kanutin (2013, page 4) , "..a second best option." The European Central Bank has a program of developing quarterly valuation-based CPPIs as a "second-best" solution given the sparse transaction data.
B. Transaction-based indexes
Real Capital Analytics (RCA CPPI) provided the transaction-based CPPI series used in this US study and we focus on its characteristics. is estimated by including data on the prices of transaction pairs in a regression on dummy variables on the time of each sale (Shiller, 1991) . By limiting the sample to price comparisons of transactions-pairs of the same properties, some control is established over changes in the quality mix of transactions. The primary disadvantages of repeat sales indexes are (i) the quality of a repeat purchase may depreciate, with wear and tear, or appreciate, with renovations; (ii) increased sampling error due to relatively small sample sizes and potential sample selectivity bias-properties not sold or new properties sold once are excluded. The sample would comprise an unduly higher proportion of atypical properties sold more frequently (see Mason and Pryce, 2011) ; (iii) implications for the estimator due to an asymmetric and positive variance of the error term in the repeat sales regression; longer gaps between sales may require less weight;
alternative assumptions on the heteroskedasticity of the error term as a result of this relationship can have a major impact on the index (Leventis, 2008) ; and (iv) as new transaction pairs become available with the addition of new historical data, the index may be subject to a volatile revision history. Further details on methodology are given in Geltner and Pollakowski (2007) .
RCA estimates repeat sales regression CPPIs for each property type according to whether the transaction is for properties in areas described as "Major" or "Non-Major" metro markets.
These building blocks are weighted together to form higher-level aggregates as depicted by Figure 1 in Annex 1.
CPPIs that make use of transaction and appraisal data can be estimated. Notably, the ECB "transaction-linked" indexes, the result of regressing the log of actual transaction prices for traded properties, when available, on the appraised capital value for the preceding two quarters, and dummy variables on country and property-type. The estimated coefficients are used to increase the sample by including predicted transaction prices for non-traded properties, though the problem of underlying sparse transaction data remains (Kanutin, 2013 and Picchetti, 2013 ).
III. METHODOLOGY
There is an increasing availability of more granular property price indexes. For example, the Federal Housing Finance Agency (FHFA) US House Price Index in its 2013Q1 release provided data for 75 metropolitan areas-an increase from 25 areas in previous quarters. The granular RCA US repeat sales CPPIs for 34 metros/markets used in this study was released in December 2012 extending back to 2000Q4. We use a two-way fixed effects panel regression estimator to derive estimates of higher-level commercial property price inflation. This paper focuses on methodological improvements to transaction-based CPPIs-see also Bokhari and Geltner (2012) .
A. Sparse data, the use of counts information, and CPPIs
The requirement is for an efficient estimator given the sample size of a period's CPPI is limited to (i) properties transacted in that period; (ii) for the repeat-sales approach, to properties that have had more than one sale during the period of the index; and (iii) transactions not deleted by data quality filters, as outlined in Section IIIA. Geltner and Pollakowski (2007, page 18) Instead of estimating: ,, (2) Measurement error thus increases the variance of the error term from 
B. Modeling spatial dependency
Unlike the measurement literature, modeling spatial dependency is not uncommon in the context of hedonic house price models, for example, Anselin (2008) . We include a (first order) spatial autoregressive term in equation (1), a SAR model:
where n W is a nn  row-standardized spatial physical proximity weight matrix, outlined later, for the spatial autoregressive term and  the spatial autoregressive parameter to be estimated. Equation (3) expressed in its reduced form is given by:
The matrix of partial derivatives of ,
nt
Y with respect to a change in a dummy time variable, is given by Elhorst (2010) and Debarsy and Ertuur (2010) as:
There is a resulting nn  matrix t B for the marginal effect of each estimated parameter on a time dummy variable. It is apparent from equation (5) The indirect effects for each area n are given by the off-diagonal column elements of t B and the total effect for area n is the column sum of area n and includes its direct and indirect effect. We The spatial approach ameliorates omitted variable bias by its inclusion of , n n t WY in equation (5). Debarsy and Ertur (2010) , in a study of spillovers in a panel regression for 24 OECD countries of domestic savings on investment found, for 1971-1985, the coefficient from a conventional fixed effect panel estimator to be reduced from 0.609 to 0.452 when using a SAR model, a more reasonable estimate a priori in the context of the Feldstein-Horioka (1980) paradox.
C. Relaxing the restrictions of constant  and n W
In empirical work both  and n W are generally held constant over time. Indeed the software noted and used in Section III for spatial econometric estimation does not allow any such variation within a panel. This restriction is relaxed by annually estimating equation (5)   to be fixed for quarters within each year, but vary between years.
The spatial weight matrix is a proximity matrix generated from the longitudes and latitudes of the areas. As outlined in the empirical section below, the centers of these areas are in some cases better represented by a (relative employment) weighted average of the longitudes and latitudes of major conurbations within each area. There is a sense in which the center of gravity of an area with regard to commercial property can change over time and we take some account of this by estimating   in annual segments and using n  W . We compare the resulting measures.
D. Weighted averages of commercial property price inflation
The derivation of estimates of the direct effects as an average of the diagonals and total effects as an average of the column sums of equation (5) has an interesting useful index number application. The averaging applied by the software is unweighted over the n areas. We can deconstruct equation (5) into the total and direct effect for their n components and apply weights to the estimated area (direct and total) price changes; the weights may be relative values of the stock of, or transactions in, commercial property. Diewart (2005) previously proposed weighting systems within a regression framework via analytic weights using a WLS estimator.
If using a SAR model, the framework advocated here provides an alternative explicit weighting mechanism that can be applied to each of the direct, total, and indirect spatial effects; thus, allowing WLS weights to be used for other purposes, say in relation to heteroscedasticity. For example, while the average unweighted direct effect for 1
the weighted average of direct effects for 1 γ is given by:
where S is a nn  matrix whose diagonal is the area n relative shares (weights) in stocks or transactions of commercial property.
E. Relaxing the restriction of fixed weights
In the previous section, the equation (6) weights, S , were held constant for the estimation of each t γ . The assumption can be relaxed by estimating the t=48 commercial property price inflation rates in 12 independent windows of 4 quarters for successive years, thus allowing the weights to vary annually, that is using  S . We compare the resulting annually chain-weighted estimates with those resulting using fixed-base weights.
IV. EMPIRICAL RESULTS
A. Data
The transaction-based CPPIs used in this US study were provided by Real Capital Analytics (RCA CPPI). properties where size or use has changed, and properties with extreme price movements (more than 50 percent annual gain/loss). The empirical work uses two panel data sets: RCA CPPIs from 2000:Q1 to 2012:Q4 for "apartments" broken down by 34 metros/markets areas, and similarly for "other properties" that include industrial, office, and retail-hereafter "core commercial"-properties. RCA estimates each of the 34 granular series using repeat-sales regressions. In each section below, results will be presented for both apartments and core commercial properties. This paper does not replicate the RCA/Moody's aggregation process.
We use all 34 area inflation rates to constitute , nt Y on the left-hand-side of equation (1) above.
B. Sparse data
Importantly, to gain insights into the problem of sparse data, RCA provided us with confidential data on the "counts"-number of transactions-underlying each of their granular indexes in each period. Our interest here focuses on whether by incorporating these counts data as weights in a WLS estimator, the measurement problems associated with sparse data can be ameliorated.
A natural first step is to identify whether there is any association between the number of observed price quotes in any period constituting the index 7 and commercial property price inflation. We would expect a positive relationship; the collapse during this current recession in commercial property price inflation to be associated with a fall in transaction counts and, similarly, movement out of the recession with increasing inflation and increased counts. 7 For the RCA CPPI data the count in a given quarter is the number of transactions in that period for which there are earlier transaction-pairs on the same property. It may be argued that if there are more than two such transactions, the earlier data contribute to the effective sample, albeit less so given a heteroskedasticity correction designed to give less importance to earlier, noisier data. 8 We note that assigning causality to commercial property inflation and counts is a priori problematic. We nonetheless report that estimated pooled regressions of the former on the latter produce for each property type (apartment, industrial, office, and retail) in each sub-period (pre-recession and during recession) significant positive associations on the coefficients for counts (with the sole exception of retail during the recession), along with significant differences (Chow F-statistic=113.1, p-value 0.0000) between the period before the recession and during it. There is no evidence of Granger-causality between inflation and counts during the pre-recession period and limited contradictory results during the recession: for office property we reject the null that counts does not cause inflation and for apartments we reject the null that inflation Granger-causes counts, with the remaining six We provide estimates of commercial property price inflation for both apartments and core commercial properties using OLS and counts-based WLS panel regressions, as outlined in Section IIA. Estimates of commercial property price inflation are based on ˆt γ in equation (1). test results for these four property types not being significant at a 5 percent level. Results of the regression and Granger-causality tests are available from the authors on request. 9 We follow Kennedy (1981) There is some convergence between the WLS estimated inflation and OLS/RCA inflation for US apartments going into the recession, coming out, and thereafter ( Figure 1A) The analysis is repeated here for "core-commercial properties" for which sparse data is less problematic-the CPPIs and counts are aggregated over industrial, retail, and office properties, due to the relatively small numbers of transactions for each. However, for the aggregate of these properties, core commercial properties, the counts are larger than for apartments. Figure   1B shows that for estimating core commercial property price inflation where data are not so sparse, the use of counts hardly matters. As outlined in Annex 1, this aggregation differs from that used by RCA for higher-level CPPIs, co-branded as Moody's/RCA CPPIs. They employ repeat-sales regressions over two sub-aggregates of the 34 areas-for major and non-major metro markets. Some estimates for these aggregates are presented in Annex 1. The panel regressions are for each of apartments and core commercial inflation on 34 areas by 48 quarters. An OLS model was estimated for the standard two-way fixed effects model, equation (1), and this is used as the benchmark to which improvements are sought. SAR models were estimated using xsmle and related commands in Stata (Belotti et al., 2013) . All SAR models use maximum likelihood (ML) estimators with Driscoll-Kraay standard errors that are heteroskedasticity-and autocorrelation-consistent to remaining general forms of spatial and temporal dependence, though we found differences to be minimal (Driscoll and Kraay, 1998) .
The data were transformed according to the Lee and Yu (2010) using a sub-option in xsmle, but this had little substantive effect.
11
SAR panel (two-way) fixed effects models, equation (4) Lee and Yu (2010a) consider the estimation of SAR panel data models with fixed time and individual effects and SAR disturbances. Conditions under which some parameter estimates may be inconsistent and distributions not properly centered are outlined. For the transformed (de-meaning) approach used for individual effects for this study-fixed time effects are modeled through time dummies, are treated as common parameters (Elhorst, 2003 , Lee and Yu, 2010a and 2010b -along with the use of row-standardized weights, the sample sizes in this study are sufficient, as judged by the Monte Carlo results in Lee and Yu (2010a) , to consider common parameter estimates to be consistent and the asymptotic distributions properly centered. The longitude and latitude of each of the metro areas, and their proximity to other areas, was obtained from geospatial mapping data and n W was derived as a row-standardized inverse distance matrix.
n W is usually held constant over time in spatial econometric modeling, indeed xsmle does not (at least currently) allow it to vary. However, for nine less-concentrated metro areas, within-area employment-weighted averages of the longitude and latitudes were used; for example, for "Mid-West excluding Chicago" the average longitude and latitudes were calculated as weighted averages of longitudes and latitudes of 13 major conurbations in the area.
12 n  W varied annually in these areas to allow some representation of changes in the center of gravity, in terms of employment, of the areas.
Summary regression diagnostics are given in Table 2 
E. Higher-level weights
The above aggregation of granular RCA indexes into higher-level indexes for apartments and core commercial properties differs from that used by RCA/Moody's for its higher-level CPPIs.
The national RCA/Moody's CPPIs, as outlined in Figure A1 (Annex 1), aggregates weighted "composites" of underlying indexes of major and non-major markets for each of the five property types (apartment, retail, industrial, office CBD, and office suburban), each estimated using repeat-sales regression. Observations within these "building-block" indexes are equally weighted so that each repeat sale reflects the same contribution to the total in the calculation of each index. The building blocks, and higher aggregates thereof, are weighted using a 10-year rolling average of transaction volume as tracked by RCA to approximate the share each sector represents in the investment market. (Florance, et al., 2010 ).
As described above, the Moody's/RCA CPPI weights are said to approximate the share of outstanding stock. In the table below, we compare the weights used to aggregate the Moody's/RCA building block indexes into upper level aggregate indexes, including the All Property National index, 13 with weights derived using BEA estimates of the current-cost net stock of structures by type.
14 As seen from Table 3 , the estimates for the relative stock weights for "apartments" against "core commercial" properties used by RCA/Moody's compare favorable with the BEA figures, and this continues to be the case over time, Table 4 . Yet Table 3 shows the estimates to depart strikingly for more-detailed breakdowns, for example, for "industrial" properties, 13 Data from the BEA refer to estimates for 2011. Moody's/RCA weights are taken from a relatively recent PowerPoint presentation detailing index enhancement and methodological updates; they are assumed to refer to a 10 year period ending 2011, or in close proximity to it. See www.creconsole.com/blog/wp-content/.../05/Moodys-RCA-CPPI.pdf.
14 Moody's/RCA define an apartment as a multi-family structure with 10 units or more; whereas, for the BEA Fixed Asset Accounts, we use the break-down for a multi-family structure with 5 or more units. BEA does not disaggregate offices into central business district (CBD) versus suburban offices. On average, the quarter on quarter change for the recompiled indexes (2000:Q4 -2012:Q4) using BEA weights was 3.51 percent, while the average changes over the same period for the Moody's/RCA index was 3.69 percent. Though the difference between these averages does not appear to be substantial, though for one period the difference in the quarter-on-quarter rates of change was -9.53 percent (BEA-based weighted index) versus -10.1 percent (Moody's/RCA weighted index); notable for a single two-way stage of aggregation.
V. CONCLUSIONS
In this paper we considered methods of improving estimates from transaction data based on the (increasing) availability of granular CPPI data. Two-way fixed effects panel models were used to generate estimates of higher-level CPPI aggregates. Issues of sparse data, spatial autocorrelation, and weights were considered. The efficiency of the inflation estimates was improved using a counts-based WLS estimator and a SAR model was used to illustrate how fixed effects bias can be removed by directly incorporating spatial spillovers into the model.
Restrictions on fixed  and n W were relaxed, an innovative formulation that allows weights to be applied within the SAR model outlined, chained and fixed-base weights introduced and their effects compared. The empirical work served to demonstrate the gains in efficiency and removal of bias in estimates and gains from less-constrained formulations of  and n W . While the empirical results for chain-weighting were, in this application, disappointing, the proposed methodology should be of interest.
15 BEA stock data for commercial properties by structure type on major metro versus non-major metro area are not available. Derivation of the implicit weights at the level of the building block indexes proved to be problematic.
Annex 1, the Aggregation of Moody's/RCA CPPIs and use of Counts Data
Apartment CPPIs: broken down by major and non-major markets
The RCA/Moody's aggregate CPPI for "apartments" is a weighted average of two building-block indexes: the CPPI for apartments in "Major Markets" and the CPPI for apartments in "Non-Major  (though see ff. 10) for US apartments using OLS and counts-based WLS to take account of the sparse data.
We estimated apartment building property price inflation for major and non-major markets using OLS and WLS as pooled regressions on the six major-market CPPI series and again on the remaining 28 nonmajor market CPPIs. The results are shown in Figure A2 along with the corresponding Moody's/RCA CPPIs.
However, as noted above, Moody's/RCA CPPIs for each of major and non-major markets are estimated using repeat sales regression, and the CPPI for apartments is a weighted average of the two. Figure A2 shows all three estimates in each of major and non-major market CPPIs to track each other fairly closely with respect to the turning points, but major differences are apparent.
The bottom of the trough in 2009:Q1 is underestimated by OLS, compared with WLS, by 2.4 percentage points for non-major markets and by 1.7 percentage points for major markets. This accords with our expectation for discrepancies to be smaller for major markets given their larger sample sizes, but in both cases they are sizable. 
Core-commercial property price inflation
A similar analysis for commercial property price inflation disaggregated by major and nonmajor markets in Figure A3 shows little difference for major markets, as expected due to an aggregation across major regional metropolitan markets and property types (industrial, office, and retail) in which there are relatively large numbers of transactions. However, a marked difference arose when comparing OLS and WLS estimates for non-major markets. The trough in commercial property price inflation was overestimated (deeper) using OLS by 1.34, 1.70, and 
